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CObjectives: In EuroQol five-dimensional questionnaire valuation stud-
ies, each participant typically assesses more than 10 hypothetical
health states by using the time trade-off (TTO) method. We wanted to
explore potential learning effects when using the TTOmethod, that is,
whether the valuations were affected by the number of previously
rated health states (the sequence number). Methods: We included
773 respondents from the US EQ-5D valuation study, each of whom
alued 12health states (plus unconscious) in randomorder.With linear
egression, we used sequence number to predict mean and standard
eviations across all health states.We repeated the analysis separately
or TTO responses indicating a state better than death and a state
orse than death. Each TTO value requires a specific number of choice
terations. To test whether respondents used fewer iterations with ex-
erience, we used linear regression with sequence number as the in-
ependent variable and number of iterations as the dependent O
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oi:10.1016/j.jval.2011.10.010ariable. Results: Mean TTO values were fairly stable across the se-
uence number, but analyzing state better than death and state worse
han death values separately revealed a tendency toward more ex-
reme values: state better than death values increased by 0.02, while
tate worse than death values decreased by 0.21 (P  0.0001) over the
ull sequence. The standard deviations increased slightly, while the
umber of choice iterations was the same over the sequence number.
he findings were stable across the levels of health state severity, age,
nd sex.Conclusions: TTO values becomemore extremewith increas-
ng experience. Because of the randomized valuation order, these ef-
ects do not bias specific health states; however, they reduce the overall
alidity and reliability of TTO values.
eywords: learning effect, preferences, time trade-off, valuation study.
opyright © 2012, International Society for Pharmacoeconomics and
utcomes Research (ISPOR). Published by Elsevier Inc.Introduction
Several methods are available to measure preferences for
health states. Ideally, the elicitation method should not affect
the responses, but there is ample evidence that it does [1,2].
aining experience with a specific elicitation method may also
nfluence responses. A study examining willingness to pay re-
orted lower willingness to pay and reduced variance as re-
pondents gained experience with the valuation method [3].
he time trade-off (TTO) method is frequently used to elicit
ealth state values [4,5]. It is used to identify the point of indif-
erence between a fixed length of life in an impaired health state
nd a shorter life span in perfect health. Utilities are calculated
s time in perfect health divided by time in the target health
tate. The TTO method is a challenging cognitive task, and it is
onceivable that gaining experience with the method may in-
uence the resulting values.
The EuroQol five-dimensional (EQ-5D) questionnaire is one of the
ost frequently used multiattribute utility instruments, and it de-
cribes composite health states along five dimensions:mobility, self-
are, usual activities, pain/discomfort, and anxiety/depression. Each
* Address correspondence to: Liv Ariane Augestad, Health Servi
orway.
E-mail: livariane@gmail.com; liv.ariane.augestad@ahus.no.
098-3015/$36.00 – see front matter Copyright © 2012, Internation
ublished by Elsevier Inc.dimension has three levels: no health problems (level 1), moderate
health problems (level 2), and extreme health problems (level 3). The
EQ-5D thus describes 35 (243) health states [6]. The TTOmethod is
ominant inEQ-5Dvaluation studies, inwhich respondents typically
alue 13 to 17 health states [7].
In a Polish EQ-5D TTO valuation study, each participant val-
ed 23 health states but there were no differences between pop-
lation means or variances for early valuations (6th–17th) and
ate valuations (18th–23rd) [8]. The first valuations (1st–5th)
ere considered “warm-up exercises” and did not include the
ame sample of health state profiles as the rest of the TTO tasks.
o our knowledge, this is the only study that has examined the
ffect of increasing experience with the TTO exercise on the
aluations. It is unknown whether there are effects earlier in
he valuation process (1st–5th valuations) or whether experi-
nce with the TTO method affects the distribution of the re-
ponses in other ways than the mean.
In the present study,weuse the term learning effect for all system-
atic differences in responses as a function of increasing experience
with theTTOmethod. Learning effect thus refers to theTTOmethod,
and not learning from valuing specific health states. This is not only
esearch Centre, Akershus University Hospital, 1478 Lørenskog,
ciety for Pharmacoeconomics and Outcomes Research (ISPOR).
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341V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 3 4 0 – 3 4 5restricted to an improvedunderstanding of themethod butmay also
include strategies enabling the respondent to finish the task quickly
and avoid discomfort, exhaustion, boredom, and so on.
The primary objective of the study was to identify potential
learning effects by analyzing the distribution of respondents’ val-
ues as a function of the number of previously valued health states
with the TTO task (sequence number). Because the TTO procedure
is a complex task, one might expect that a part of the variance in
TTO responses is attributable to respondents not understanding
the task (noise) and that this noise would be reducedwith increas-
ing experience with the valuation task. Hence, an expected learn-
ing effect was a reduction in SD for single health states. The sec-
ondary objective was to test whether potential learning effects
were stable for health states of different severity, as described by
the EQ-5D system, and whether they were stable for respondents
across age and sex.
Methods
Material
We used data collected through face-to-face interviews in a large
US EQ-5D valuation study and the same exclusion criteria as in the
original study [9], after which 3773 respondents were included in
our analyses. Each respondent valued 13 health states in a ran-
domized order by using the TTOmethod. In total, 42 health states
were valued. For further details, we refer to the original valuation
study [9].
Valuation task
Each TTO valuation started by asking the respondent whether he or
she (a)wouldprefer to live10years in thepresented (impaired) EQ-5D
health state, (b)would prefer immediate death, or (c) considered that
(a) and (b) were equally (un)preferable. If the respondent chose alter-
native (c), the valuation for that particular health state was over and
theTTOvaluewasset to0.Themethod for subsequentvaluationwas
different when choosing alternative (a)—states considered better
than death (SBD) and alternative (b)—states considered worse than
death (SWD). The interviewers used props to visualize the different
lengths of life A and life B.
SBD
The aim of the SBD task was to reach a point of indifference be-
tween life A (10 years in the impaired EQ-5D health state) and a
reduced number of years in life B (perfect health). Throughout the
SBD task, life A was held constant at 10 years while life B was
varied according to the choices of the respondent (Fig. 1). At equi-
librium, the TTO value (u) was calculated by dividing the number
of years in perfect health (t) by the number of years in the target
health state: u  t ⁄ 10. The upper value is thus restricted to 1, the
ame as full health.
SWD
If the respondent preferred life B in the initial choice task, that is,
stated that the target health state was worse than death, the
choice task proceeded in a different manner. Life A was still 10
years but a composite life of the target health state (x years) and
perfect health (10 x years), followed by immediate death. For an
SWD valuation, life B was always set at 0 years. The aim of the task
was to reach a point of indifference between immediate death and
life A, in which time in target health state and time in perfect health
were varied simultaneously (Fig. 1). The TTOvalue (u) was calculated
as the negative number of years in perfect health divided by the
number of years in the target health state: u  t ⁄ 10  t.
Elicited in this way, SWD values have no lower boundary, the
lowest possible value depends on the smallest tradable unit of etime, which, in this case, was 0.25 years (3 months) [7]. Therefore,
the lowest possible score was 39 or  9.75 ⁄ 10  9.75.
In previous EQ-5D questionnaire TTO valuation studies, values
for SWD had been transformed to restrict the scale to 1 [10]. In
this study, we used the most frequently applied transformation
method [7]:
u
t
10 t
u′
u
1u

t
10
Sensitivity analyses were performed by using an alternative
ransformation algorithm [11], in which the TTO score is simply
ivided by the positive of the lowest possible value: in this case, 39:
′
u
39

t
39(10 t)
Analyses
We plotted all TTO values as a function of the sequence number,
regardless of the target health state, and calculated themean TTO
value within each sequence number. We used this mean TTO
value as the dependent variable and sequence number as the in-
dependent variable in ordinary least squares (OLS) regression. Be-
cause SBD and SWD values were elicited differently, the learning
effects might also be different. We therefore performed separate
analyses for the two categories of responses.
To test whether SD decreased with increasing TTO experience,
we needed a measure of agreement that was independent of the
varying severity of the different health states. To achieve this, we
first calculated the means of the TTO values for each of the 42
health states within each sequence number. For each single TTO
valuation, we then subtracted the corresponding health state
mean. We thus obtained an adjustedmean of zero for each health
state, without altering the variation around the mean. We then
calculated the SD around the adjusted mean of zero for each se-
quence number. Finally, we used OLS regression, with the 13 SD
values as the dependent variable and the sequence number as the
independent variable. Converging values should then translate
into a negative slope in the regression model.
Using the “ping-pong” procedure, different TTO values require
different number of choice iterations before the respondent
reaches the point of indifference. To test whether respondents
chose values requiring less choice iterationwith cumulative expe-
rience, we created a variable corresponding to the number of
choice task iterations needed to reach each TTO value. In linear
regression, we used this variable as the dependent variable and
sequence number as the independent variable.
To testwhether learning effectswere different for health states
of different severity, we stratified the health states into three
groups (14 states in each) by mean TTO values and replicated all
the previous analyses for these. To test whether learning effects
differed by sex, we repeated the previous OLS regression analyses
with sequence number, sex, and variable sex  sequence number
interaction as independent variables. We also repeated all the
above analyses separately for three age groups (35, 35–55, and
55 years). For analyses regarding sex and age, we chose a 5%
significance level by using two-sided tests.
To test whether learning effects differed by the levels of edu-
cation, we repeated the previous regression analyses with thema-
terial split into five groups according to the level of education (in
years of education:9, 9–11, 12, 13–15, and15). The analyses were
erformed by using 12-year education as a baseline, with one
ummy variable representing each of the four other education
roups, a main sequence number variable, and sequence number
ducation group interaction terms.
ding
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In the OLS regression of the mean TTO score as a function of se-
quence number, the slope was 0.007 (P  0.0001; adjusted R2 
0.661), indicating a total reduction of0.084 over the 13 valuations
Number of iteraons 1
Beer than death.
B: 5 p
-Prefer Life A:
-Prefer Life B:
Prefer life A: 
Life A and B are equ
Prefer life B:
Worse than death
Life B constant at 0 years A: 5 t + 5
-Prefer Life A:
-Prefer Life B:
Life A varies 
depending on the 
respondent´s choices:
-Life A and life B are  
equal:
-Life A and life B are  
equal:
Life A: 10 years in target 
health state (t) 
Life B: 0 year in perfect 
health (p)
Life A is 10 years in 
target state (t)
Life B varies 
depending on the 
respondent's choices:
Fig. 1 – The routing of the time trade-off (TTO) iterations lea
reach each specific value is indicated at the top.or a reduction of 0.007 per valuation.After decomposing the valuation data into SBD and SWD, the
meanvaluations for SBDwere stablewith increasing sequencenum-
ber while the mean valuations for SWD showed a decrease (Fig. 2).
The learning effects were relatively stable throughout the 13 val-
uations: visually, no specific cutoff could be identified. Stratified
3 4 5 6 7 8 TTO value
1,000
B: 9.75 0,975
B: 9.5 p 0,950
0,925
B: 9 p 0,900
0,875
B: 8.5 p 0,850
0,825
B: 8 p 0,800
0,775
B: 7.5 p 0,750
0,725
B: 7 p 0,700
0,675
B: 6.5 p 0,650
0,625
0,600
0,575
B: 5.5 p 0,550
0,525
0,500
0,475
B: 4.5 p 0,450
0,425
0,400
0,375
B: 3.5 p 0,350
0,325
B:3 p 0,300
0,275
B: 2.5 p 0,250
0,225
B: 2 p 0,200
0,175
B: 1.5 p 0,150
0,125
B: 1 p 0,100
0,075
B: 0.5 p 0,050
0,025
0,000
Transformed 
TTO values
-0,025
A: 9.5 t + 0.5 p -0,050
-0,075
A: 9 t + 1 p -0,100
-0,125
A: 8.5 t + 1.5 p -0,150
-0,175
A: 8 t + 2 p -0,200
-0,225
A: 7.5 t + 2.5 p -0,250
-0,275
A: 7 t + 3 p -0,300
-0,325
A: 6.5 t + 3.5 p -0,350
-0,375
 4 p -0,400
-0,425
A: 5.5 t + 4.5 p -0,450
-0,475
-0,500
-0,525
A: 4.5 t + 5.5 p -0,550
-0,575
 6 p -0,600
-0,625
A: 3.5 t + 6.5 p -0,650
-0,675
B: 3 t + 7 p -0,700
-0,725
A: 2.5 t + 7.5 p -0,750
-0,775
A: 2 t + 8 p -0,800
-0,825
A: 1.5 t + 8.5 p -0,850
-0,875
A: 1 t + 9 p -0,900
-0,925
A: 0.5 t + 9.5 p -0,950
-0,975
to all possible values. The number of iterations needed to2
B: 6 p
B: 4 p
al:
A: 6 t +
 p
A: 4 t +OLS regression analyses revealed a mean increase of 0.002 per
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343V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 3 4 0 – 3 4 5valuation for SBD (P 0.0001; adjusted R2 0.511) and a difference
in mean valuation for SWD of 0.21 from the first to the last val-
uation or a decrease of 0.016 per valuation for SWD (P  0.0001;
adjusted R2  0.936). On performing the same analysis but using
he alternative transformationmethod for SWD, themean of SWD
alues decreased by 0.011 per valuation (P  0.0001).
Therewas a slight increase in SDs as a function of the sequence
umber (Fig. 3). The OLS regression analysis revealed an increase
n SDs from 0.471 to 0.523 from the first to the last valuation.
Therewas a similar pattern of separate learning effects for SBD
nd SWD valuations across the three severity groups (Table 1).
here was no systematic change in the proportion of SWD valua-
ions as a function of sequence number in each of the three sever-
ty groups.
We observed no significant interactions between sex and se-
uence number (P 0.44) on learning effects. The oldest age group
55 years) did not have any significant increase in SBD valuations
s a function of sequence number (P  0.805). When including
variables representing education level groups and interactions be-
tween the education level and the sequence number, we observed
statistically significant interactions for SWD valuations only: The
group with the lowest level of education (8 years or less) displayed
significantly lower mean values (0.069; P  0.001) and signifi-
cantly less change as a function of sequence number than did the
other education level groups (0.009 per iteration, as opposed to a
mean of 0.016; P  0.009). The group with the highest level of
ducation displayed significantly higher mean values (0.064; P 
0.001) and displayed an increased learning effect (0.022 per iter-
ation, as compared with a mean of 0.016; P  0.024).
Themeannumber of iterations across all health stateswas 5.75
(median 7; range 1–8). The correlation between the number of
−1
−.5
0
.5
1
TT
O
 v
al
ue
1 4 7 10 13
Sequence number
Fig. 2 – Time trade-off (TTO) values as a function of
previously rated health states. The circle areas are
proportional (log) to the prevalence of the specific TTO
value. The continuous line represents the mean of TTO
values for states considered better than death (SBD). The
dashed line represents the mean of TTO values for states
considered worse than dead (SWD).iterations for each valued state and the sequence number was0.002 (P  0.0721). This finding was stable across sex and age
groups.
The model fit for the regressions involving interactions was
consistently better than for the main effect analyses in terms of R
and (adjusted)R2.Wemust point out, however, that these analyses
were performed on mean values, and therefore mask an enor-
mous underlying variation in individual response patterns.
Discussion
Summary
The results of this study indicate the presence of learning effects
in the TTO method; respondents systematically change their re-
sponses with increased TTO valuation experience.
The mean effects were small when all valuations were ana-
lyzed together, but decomposing valuations into SBD or SWD
revealed underlying diverging patterns. The mean values for
SBD increased slightly with increasing sequence number, while
the mean values for SWD decreased substantially. These effects
were similar regardless of health state severity. Variance in TTO
values increased slightly with the sequence number. The num-
ber of iterations when valuing a state remained stable over the
13 states.
Interpretation
The diverging patterns for SBD and SWD values could be inter-
preted as an increase in the “gap effect,” mainly for negative val-
ues. The gap effect is a previously known characteristic of the TTO
method and refers to respondents’ tendency to avoid values in the
vicinity of death (0) [12]. It has been suggested that the gap effect is
a framing effect inherent to the TTO method, for instance, by dis-
comfort introduced by the concept of death, which may cause
respondents to distance their valuations fromdeath (0) [13]. This is
in line with the constructed preference hypothesis that argues
that elicited preferences are, to a large extent, formed by the val-
uation task itself [14]. If we consider that characteristics of the TTO
method become more salient with increasing experience, then un-
wanted framing effects of the method may have a larger impact on
later values than on earlier values. There is a negative shift for all
SWDvalues (see Fig. 2), butwhether this represents an extended gap
effect or a different framing effect remains unknown.
Fig. 3 – Standard deviations of adjusted time trade-off
(TTO) means by sequence number. The TTO values were
adjusted by subtracting the corresponding health state
mean within each sequence number, resulting in a mean
of 0 for all TTO values within each sequence number
without altering the variance.
-off v
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that stable and theoretically consistent preferences are typically
the product of experience gained through practice and repetition
[15]. The TTOmethod is complex; for instance, the valuation task for
SWD requires respondents to find the point of equivalence between
death (0) and a composite life of perfect health and impaired health
while varying time in perfect health and time in impaired health
simultaneously. The complexity of the TTOmethodmight favor the
discovered preference hypothesis; respondents might need practice
to fullyunderstand the task, leading to increasedqualitywith further
repetition. Ideally, increased quality should increase agreement be-
tween respondents while we observed slight increases in SDs for
single health states.
The finding that the number of choice iterations was stable
with increasing sequence number suggests that respondents
did not alter their stated preferences to finish the task more
rapidly. Nevertheless, the respondents might have finished the
task faster with increasing sequence number, just by being
quicker to state their preferences for life A or life B. We did not,
however, have available data to investigate whether respon-
dents used less time for each TTO task with increasing se-
quence number.
The interpretation of how education influences the observed
learning effect is uncertain. The values elicited from the high ed-
ucation group displayed the largest shift as a function of sequence
number. This shift, however, brought the values from the high
education group closer to the values from the low education
group. An interpretation of this may be that the TTO task entails
an initial framing effect that influences the high education group
less than the lower education group. With the repetition of task,
the high education group becomes more influenced while the low
education grouphas already exhausted someof the learning effect
potential in the first valuation.
Limitations
The generalizability of these findings beyond TTO-based EQ-5D val-
uations is uncertain.Within TTO-based EQ-5D valuation studies, the
measurement of generalizability would require verification of the
findings in other data sets. Health state–specific transfer (order) ef-
fects [16] or learning effect interactions with specific dimensions
within the EQ-5D questionnaire description system may exist but
were outside the scope of this study. Our analyseswere not suited to
determine the number of TTO valuations required to maximize re-
sponse validity—whether later valuations are most valid, as sug-
gested by the discovered preference hypothesis, or the initial valua-
tions aremost valid, because theymay be less affected by unwanted
framing effects.
We initially performed separate analyses on each of the 42
valued health states. Because of fluctuations in the number of
Table 1 – Relationship between sequence number and tim
severity.
All states
Mild st
Coefficient P Coefficient
Linear regression of state better t
Constant 0.747 0.001 0.834
Sequence number 0.002 0.001 0.002
Linear regression of state worse t
Constant 0.447 0.001 0.412
Sequence number 0.016 0.001 0.019
* Health states stratified in severity groups of 14 by mean time traderespondents valuing specific health states at specific sequencenumber, combined with individual variation in values given to all
health states, the noise-to-signal ratio made the results at this
level of aggregation inconclusive. To reduce the level of noise, we
performed analyses on aggregates across all or groups of health
states. Given a much larger sample size, analyses on the level of
individual health states could prove highly interesting. A larger
sample size could also allow investigation into whether the pro-
portion of respondents valuing specific health states as SWD is a
function of sequence number.
Practical consequences
The health state presentation order was randomized for each re-
spondent, reducing the potential for biasing values for specific
health states. The diverging pattern for SBD and SWD responses,
however, could have implications for the tariff. Because the mild
health states are typically considered SBD, these are primarily in-
fluenced by the upward shift of SBD values. Conversely, more se-
vere health states aremore often considered SWD and are thereby
influenced to a greater extent by the downward shift of the SWD.
It follows that the mean distance between health states increases
with increasing sequence number. If the observed diverging pat-
terns are generalizable to TTOvaluation studies in general, studies
where respondents value a large number of health states will re-
sult in more extreme values, increasing estimated utility differ-
ences between health states.
Work is underway to develop an alternative TTO procedure
called lead-time TTO (LT-TTO), where SBD values and SWD val-
ues are elicited by using one continuous method [13,17]. Be-
cause of the added lead time, SWD values may be elicited with-
out a direct comparison to death but rather by trading away the
lead time. A feasibility study of the LT-TTO indicates that the
new method overcomes the discontinuance of values around
dead [13]. We do not knowwhether this is because the subject of
death is less directly invoked or because the scale is uniform (or
both). The authors of the study found statistically significant
differences in the distribution of LT-TTO values compared with
the values derived by using the measurement and valuation of
health TTO protocol. The contribution of learning effects to the
observed differences between LT-TTO and measurement and
valuation of health TTO, however, remains unknown. It is also
unknown to which extent respondents give more extreme val-
uations with accumulating experience with LT-TTO. LT-TTO
may have other protocol-specific learning effects. The same ap-
plies to other alternative TTO variants, for instance, when using
lag time [18].
Future research into the potential learning effects of LT-TTO
and other new valuation methods is called for. To gain a better
understanding of the processes behind the observed effects, we
believe that the best course of action would be qualitative studies
de-off values for health states stratified according to
Health state severity groups*
Medium states Bad states
P Coefficient P Coefficient P
eath values on sequence number
0.001 0.695 0.001 0.602 0.001
0.001 0.003 0.001 0.002 0.086
eath values on sequence number
0.001 0.420 0.001 0.460 0.001
0.001 0.018 0.001 0.015 0.001
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345V A L U E I N H E A L T H 1 5 ( 2 0 1 2 ) 3 4 0 – 3 4 5believed to contribute. For instance, we speculate that the learning
ffects may be caused in part by a delayed reaction to discomfort
aused by the continuous invocation of “immediate death.” If this is
he case, alteredwording to reduceor increase thediscomfort should
lter the magnitude of change. To better isolate exhaustion effects,
articipants could be intentionally exhausted before TTO valuation.
e observed much greater learning effects for SWD values than for
BD. It is conceivable that this is related to the SWD taskmanipulat-
ng the time in perfect health and the time in the target state simul-
aneously. If so, altering the SWD task such that only one factor is
anipulated at a time should alter the observed learning effects.
Conclusion
Health state values are usually elicited in face-to-face interviews,
and costs are largely driven by the number of respondents. There-
fore, there is an interest in having each respondent value a large
number of health states. We have demonstrated the presence of
learning effects in the assessments of health states with the TTO
method, in particular for SWD, indicating that the number of states
valuedby each respondentmay influence the resulting EQ-5D tariffs.
The causes of these effects and implications for the validity of TTO
responses remain uncertain. An investigation of potential learning
effects fromothervaluationmethodscouldhelpgainanunderstand-
ing of the processes involved.
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fromtheSouth-EasternNorwayRegionalHealthAuthority. Thefinanc-
ing institutions had no involvement in the study or the study design.
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